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ABSTRACT

Hub regions in the brain, recognized for their roles in ensuring efficient information transfer, are
vulnerable to pathological alterations in neurodegenerative conditions, including Alzheimer’s
disease (AD). Computational simulations and animal experiments have hinted at the theory of
activity-dependent degeneration as the cause of this hub vulnerability. However, two critical issues
remain unresolved. First, past research has not clearly distinguished between two scenarios: hub
regions facing a higher risk of connectivity disruption (targeted attack) and all regions having an
equal risk (random attack). Second, human studies offering support for activity-dependent
explanations remain scarce. We refined the hub disruption index to demonstrate a hub disruption
pattern in functional connectivity in autosomal dominant AD that aligned with targeted attacks.
This hub disruption is detectable even in preclinical stages, 12 years before the expected symptom
onset and is amplified alongside symptomatic progression. Moreover, hub disruption was primarily
tied to regional differences in global connectivity and sequentially followed changes observed in
amyloid-beta positron emission tomography cortical markers, consistent with the activity-
dependent degeneration explanation. Taken together, our findings deepen the understanding of
brain network organization in neurodegenerative diseases and could be instrumental in refining
diagnostic and targeted therapeutic strategies for AD in the future.
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Increasing hub disruption in autosomal dominant Alzheimer’s disease

Functional connectivity:

Measured as the statistical
dependence (here, Pearson’s
correlation) between the time series
of two network nodes.

Hub:

A node occupying a central position
in the overall organization of a
network.

Centrality:

The importance of a node in a
network, the most common one
being degree/strength.

Network Neuroscience

AUTHOR SUMMARY

Our research introduces a refined hub disruption index that reveals early and progressive
targeted connectivity impairments in brain regions central to information transfer in
Alzheimer’s disease (AD). Detectable up to 12 years before clinical symptoms, selective
functional connectivity impairments were higher at high global connectivity regions,
preceding changes in amyloid-beta positron emission tomography markers. This supports the
concept of activity-dependent degeneration and underscores the vulnerability of hub regions
to neurodegenerative processes. Our findings enhance the understanding of the brain’s
network organization in AD and offer significant potential for improving early diagnosis and
developing precise therapeutic interventions.

INTRODUCTION

Alzheimer’s disease (AD) is characterized by a cascade of complex pathological changes in
the brain including amyloid-beta (AB) aggregation and the formation of neurofibrillary tangles
composed of the tau protein, resulting in neurodegeneration (Musiek & Holtzman, 2015).
While these microscopic changes have been well-documented, there is a growing interest
in understanding how these pathologies translate to altered brain connectivity observed in
AD patients. Resting-state functional connectivity (FC), measured by temporal correlations
of the blood oxygen level-dependent signals between regions of the brain from fMRI data col-
lected in a task-free state (Biswal et al., 1995), differs in cognitively impaired and preclinical
AD individuals versus cognitively normal controls (Chhatwal et al., 2013; Dennis & Thompson,
2014; Sheline & Raichle, 2013; Smith et al., 2021; Yu et al., 2021). FC is a potential imaging
marker for AD (Buckley et al., 2017; Dickerson & Sperling, 2005; Sorg et al., 2009; Thomas
et al., 2014) since disruptions in connectivity between brain regions may be linked to synaptic
changes before cell death and atrophy (Drzezga et al., 2011).

Prior imaging studies have suggested that the posterior parts of the default mode network
(DMN) deteriorate earlier than the anterior parts in AD, providing evidence for a cascading
network failure mechanism (Jones et al., 2016, 2017). Importantly, the initiation of amyloid
(Gordon et al., 2018; Palmquvist et al., 2017) and tau (Frontzkowski et al., 2022) pathologies,
as well as the rate of their accumulation (Liu et al., 2023; Villain et al., 2012), in the brain is not
spatially homogenous, providing converging evidence for differences in regional vulnerability
to pathological changes. However, precisely what underlies the sequence of regional FC
failure, as well as how FC disruptions relate to the molecular pathology, is unknown.

Hub regions (van den Heuvel & Sporns, 2013) are highly connected nodes with high net-
work centrality that play a critical role in facilitating efficient communication and integration
of information across different regions of complex networks. Brain hubs are affected across
multiple diseases (Crossley et al., 2014), including AD (Dai et al., 2015; Yu et al., 2017).
One hypothesis for the cause of hub vulnerability to pathology and degeneration is that
hub regions are selectively targeted by activity-dependent damage (de Haan et al., 2012).
Several lines of evidence support this hypothesis: (a) Hubs have high metabolic demands
(Bullmore & Sporns, 2012; Drzezga et al., 2011; Tomasi et al., 2013; Vaishnavi et al., 2010);
(b) they are especially susceptible to AB deposition in AD (Buckner et al., 2009; Bullmore &
Sporns, 2012; Drzezga et al., 2011; Myers et al., 2014); and (c) they serve as the spreading
centers for tau pathology (Cope et al., 2018; Franzmeier et al., 2020; Frontzkowski et al.,
2022). Due to their topologically central role, targeted attacks on hubs have a more deleterious

1266

d-ajo1uB/UjeU/NPa W 108.IP//:dNY WOl papeojumoq

0 & UBU/98Y08YC/SIT |/¥/8/P

620z Asenuer gg uo 3senb Aq jpd 56£0



Increasing hub disruption in autosomal dominant Alzheimer’s disease

Network Neuroscience

effect on network efficiency ( ; ; ;

). Indeed, previous research has identified FC alterations particularly at
hubs in AD patients ( ; ; ), as well as in mice
with extracellular amyloidosis (TgCRND8 mice) ( ). In vivo studies in mice
also validated the relationship between neuronal activity level and AB deposition (

; ), suggesting that increasing amyloid burden through increased refer-
ence activity triggers hub disruptions. While there is a strong theoretical and empirical evidence
to support the role of hub disruption in AD, little is known concerning the relationship between
hub disruption, dementia severity, and symptomatic onset.

Here, we leveraged a unique population with autosomal dominant AD (ADAD), which
allowed for accurate estimation of years to symptom onset (EYO) due to the highly predictable
onset of cognitive decline ( ). With a highly penetrant genetic form of the
disease, ADAD participants also have a high certainty in their AD dementia diagnosis (as
opposed to sporadic AD). Furthermore, since ADAD-associated dysfunction generally occurs
in a younger population (<60 years old) that experiences fewer AD-independent, aging-related
neuropathology than is commonly seen in association with late-onset sporadic AD, we can
test the associations of FC with AD pathology with fewer confounding aging-related co-
pathology and estimate FC network characteristics with minimal age-related changes in neu-
rovascular coupling ( ).

We examined the regional vulnerability in terms of lower FC by measuring the FC hub
disruption as a function of ADAD dementia progression from preclinical (Clinical Dementia
Rating [CDR] = 0) to mild (CDR = 0.5, also known as mild cognitive impairment [MCI]),
moderate, and severe dementia (CDR > 1). We hypothesized that hub disruption is an
early-emerging phenomenon that intensifies with disease progression. Finally, we investigated
the relative timing of hub disruption compared with cortical amyloid deposition and cognitive
decline. Our goals were to test the targeted attack on the hubs model in ADAD throughout
disease progression and to obtain evidence for activity-dependent degeneration.

MATERIALS AND METHODS
Participants

Individuals were recruited from the Dominantly Inherited Alzheimer Network (DIAN)
Observational Study ( ). Here, we examine the cross-sectional data from
mutation carrier (MC; N = 122), with alterations in presenilin 1 (PSEN1), presenilin 2 (PSEN2),
or the amyloid precursor proteins (APP), and unaffected noncarrier (NC; N = 85) family

members ( ) ( ). The age at symptom onset
is relatively consistent within families and mutation types; this allows participants to be staged
by their EYO ( ; ). Both MCs and NCs have an EYO

value based on their familial pedigree, but only MCs are expected to develop ADAD. The
study was reviewed and approved by the Institutional Review Board at Washington University
in St. Louis, and written informed consent forms were obtained from participants or their
legally authorized representatives in accordance with their local Institutional Review Board.
The data are from the data freeze 15.

CDR Stages

We further categorized the MC by dementia severity using the global CDR ( ) into
three groups: cognitively normal (CDR = 0), very mild dementia (CDR = 0.5), and mild-to-
severe dementia (CDR > 1). To control for the effect of aging, we age-matched the NCs for
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each MC group according to the following procedure. First, Z-scores were calculated for the
age and EYO values separately using their mean and standard deviation across all participants,
resulting in a vector of size 2 x 1 for each participant. The Euclidean distances between the
vectors were calculated, and the closest MC for each NC participant was determined, defining
an age-matched group of NCs for each MC group ( ).

MRI Data Acquisition

Neuroimaging protocols have been previously published ( ). Briefly, T1-
weighted magnetization-prepared rapid acquisition gradient echo (MP-RAGE) images were
acquired at multiple sites on Siemens 3T scanners (Erlangen, Germany). Resting-state fMRI
scans were acquired with echo planar imaging (EPI) while participants were instructed to
maintain visual fixation on a crosshair. The sequence details are provided in

. “Pre-scan normalize” was enabled to minimize gain field inhomogeneities
attributable to proximity to the receiver coils. Acquisition lasted ~6 min each run, and the
number of acquired runs in the DIAN cohort varied between one and three.

MRI Data Preprocessing

Details on preprocessing followed previously described methods ( ;

) using the 4dfp suite of tools ( ). Briefly, slice timing cor-
rection and intensity normalization were performed. Head motion was corrected within and
across runs. The initial atlas transformation was computed using affine registration of the fMRI
data to an atlas-representative template via the MP-RAGE (EPI,,can — MP-RAGE — template).
A final atlas transformation was performed after denoising. Frames with high motion, as mea-
sured by DVARS (frame-to-frame BOLD signal change over the entire brain) and the framewise
displacement (FD) ( ), were censored. Due to the empirical observation that
baseline DVARS in the absence of motion differs across individuals, the DVARS criterion was
set individually as 2.5 standard deviations above the mean (see the in

). Additionally, an FD (L2-norm of the six motion parameters) criterion of
0.4 mm was applied to further mitigate the effect of motion. Frames were censored if either
criterion was met. We validated that our denoising strategy successfully mitigated the distance-
dependent correlation with the remaining motion (measured as the mean FD of the remaining
frames) ( ). The time series were band-pass filtered between
0.005 and 0.1 Hz. Censored frames were approximated by linear interpolation for band-pass
filtering only and were excluded from subsequent steps.

Denoising was then performed with a CompCor-like strategy ( ). As pre-
viously described ( ), nuisance regressors were derived from three compartments
(white matter, ventricles, and extra-axial space) and were then dimensionality-reduced. White
matter and ventricular masks were segmented in each participant using FreeSurfer 5.3 (

) and were spatially resampled in register with the FC data. The final set of nuisance regres-
sors also included the six parameters derived from the rigid-body head-motion correction, the
global signal averaged over the (FreeSurfer-segmented) brain, and the global signal temporal
derivative. Finally, the volumetric time series were nonlinearly warped to the Montreal Neuro-
logical Institute 152-space (3 mm)> voxels using FNIRT ( ).

Functional Connectivity

We selected 246 functional regions of interest (ROlIs) separated into 13 networks throughout
the cortical and subcortical areas as previously described ( ). Functional
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Table 1. Sample characteristics (MC and NC matches)

Mutation carrier

Noncarrier match

Measure (N =69)* (N =52)° X df p value
MC CDR = Sex (M/F) 36/33 23/29 0.749 1 0.387
0/NC match 1
Family mutation 48 (70%) 36 (69%) 0.381 2 0.827
(PS1, PS2, APP)
n (%) 11 (16%) 10 (19%)
10 (14%) 6 (11%)
APOE g4 carriers/ 17/52 14/38 0.081 1 0.776
noncarriers
Median [min, max] Mann-Whitney U z p value
Age (years) 33.2 [18.0, 52.6] 34.4 [21.5, 52.8] 4,030 —-0.935 0.350
Education (years) 16 [9, 24] 16 [10, 21] 4,198 -0.06 0.956
EYO -15.1 [-36.0, —0.5] -15.3 [-31.5, —0.8] 4,098 -0.579 0.563
CCS* —0.03 [-1.35, 1.64] 0.10 [-1.14, 1.14] 3,817 -1.570 0.116
Average FD of 0.085 [0.035, 0.223] 0.074 [0.039, 0.174] 4,561 1.840 0.066
retained frames
Remaining minutes 4.7 [3.2, 6.3] 4.3 (3.2, 17.3] 4,415.5 1.079 0.281
of the scan
Mutation carrier Noncarrier match
Measure (N =32) (N=17) e df p value
MC CDR = Sex (M/F) 13/19 3/14 2.666 1 0.103
0.5/NC match 2
Family mutation 25 (78%) 8 (47%) 5.049 2 0.080
(PS1, PS2, APP)
n (%) 1 (3%) 2 (12%)
6 (19%) 7 (41%)
APOE &4 carriers/ 9/23 3/14 0.659 1 0.417

noncarriers
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Median [min, max] Mann-Whitney U z p value
Age (years) 48.5 [30.1, 65.6] 49.7 [29.1, 62.6] 824 0.494 0.622
Education (years) 13.5 [6, 19] 14 [9, 18] 733.5 -1.398 0.162
EYO 1.7 [-14.2, 10.4] 1.7 [-14.5, 8.9] 837 0.767 0.443
ccs? —=1.55 [-3.09, —0.11] 0.01 [-1.24, 1.53] 487 —5.148 <0.0071***
Average FD of 0.106 [0.052, 0.194] 0.091 [0.045, 0.176] 850 1.040 0.299
retained frames
Remaining minutes 6.6 [3.4, 10.1] 4.6 [4.1,16.7] 855.5 1.156 0.248
of the scan
Mutation carrier Noncarrier match
Measure (N = 20) (N =15) 12 df p value
MC CDR > Sex (M/F) 9/11 7/8 0.010 1 0.922
1/NC match 3
Family mutation 17 (85%) 12 (80%) 6.276 2 0.043*
(PS1, PS2, APP)
n (%) 0 (0%) 3 (20%)
3 (15%) 0 (0%)
APOE €4 carriers/ 5/15 5/10 0.292 1 0.589
noncarriers
Median [min, max] Mann-Whitney U z p value
Age (years) 50.8 [35.8, 67.0] 55.4 [36.4, 69.5] 341 -0.617 0.538
Education (years) 12 [8, 18] 14 [11, 26] 292.5 -2.270 0.023*
EYO 4.3 [-1.8, 14.9] 4.9 [-3.3, 20.8] 372 0.383 0.702
Cccs® —2.71 [-3.43, —2.15] —0.05 [-0.64, 1.07] 105 —4.561 <0.007***
Average FD of 0.126 [0.054, 0.205] 0.113 [0.045, 0.192] 380 0.650 0.516
retained frames
Remaining minutes 4.5 (3.4, 10.0] 4.8 [3.2, 11.4] 316 —1.451 0.147

of the scan

@ Removed one participant due to non-other participants existing from the same site.
b Removed one participant due to non-other participants existing from the same site.

€ Missing two participants.

d Missing two participants.

¢ Missing six participants.

Medians and Mann-Whitney test statistics reported (Shapiro-Wilk test of normality p < 0.001)

df, degrees of freedom; CDR, Clinical Dementia Rating; M, male; F, female; EYO, estimated years from expected symptom onset; CCS, cognitive composite score.
*p < 0.05, **p < 0.01, ***p < 0.001.

ISDISIP S, MIIYZ]Y JUDPUILLOP [PULOSOINDY Ul uoydnisip qny Suisvasour

d-ajo1uB/UleU/NPa W 108.IP//:dNY WOol) papeojumoq

0 & UBU/98Y08YC/SIT | /¥/8/P

620z Aenuer gg uo 3senb Aq jpd 56£0



Increasing hub disruption in autosomal dominant Alzheimer’s disease

Degree/strength:

The sum of numbers/weights of edges
(divided by n— 1 in the current study
following ).

Module:

A group of nodes that maintain a
large number of mutual connections
and a small number of connections
to nodes outside their module.

Participation coefficient:

A graph theoretical measure that
represents the diversity of
connections across all modules in a
network.

Maximum spanning tree:

A subgraph with (n — 1) edges that
connects all nodes of the network
such that the sum of its weights is
maximal, where n is the number of
nodes.

Network Neuroscience

ROIs are a combination of cortical ROls ( ) and subcortical ROls (
) ( ). Regions not reliably covered by the field of view such as the cerebellar
ROIs were excluded. A list of ROI coordinates and anatomical assignments has been described in
previous publications ( ; ) and can be found in the
. FC was estimated using zero-lag Pearson correlations calculated
between 246 ROIs and Fisher Z-transformed. The resultant FC matrix can be represented as a
graph with nodes as individual ROIs and edges with weights as the correlation values z(r).
Group-averaged FC was then generated by averaging the z(n) values across individual FC matrices
within each of the MC and age-matched NC groups ( ). In addition, the gray matter volume
variation across regions might affect the FC magnitude. Thus, we repeated our analysis after regres-
sing out the gray matter volume for each ROI in each participant.

Data Harmonization

We used Correcting Covariance Batch Effects (CovBat;

) ( ) to remove site effects in mean, variance, and covari-
ance on FC matrices, with age, mutation, EYO, education, CDR, sex, mutation gene type (PSEN1/
PSEN2/APP), and Apolipoprotein E (APOE) alleles included as biological covariates to be pro-
tected during the removal of site effects. During CovBat, two participants (one MC and one NC)
were removed from the analysis because they were only represented by a single site and
harmonization could not be performed by the CovBat algorithm. The final sample size for
analysis was MC = 121 and NC = 84. Similar qualitative results were obtained without the
CovBat correction.

Graph Theory Metrics

All graph theory metrics were calculated using the Brain Connectivity Toolbox (BCT;
), @ MATLAB toolbox for complex brain network analysis (

). Since regions with a high total positive connectivity tend to have a high total negative
connectivity ( ), we asymmetrically weighted the positive and neg-
ative edges for all measures according to their relative magnitude at a given node, as described in
previous literature ( ) ( , ). This
allows for nonzero strengths at a full FC matrix without a threshold. Strength is calculated as this
asymmetrically weighted sum of signed edge weights around a node in a graph, divided by (number
of ROIs 1) ( ). This effectively measures global connectivity at an ROI. We also calculated
two additional measures of centrality concerning module affiliations (

): the within-module strength Z-score (Z) and participation coefficient (Pc). Z measures how
“well-connected” a node is to other nodes in the module. The Pc measures the diversity of inter-
modular connections of individual nodes and within-module strength Z-score.

Given that there is no gold standard method for thresholding the FC matrix to create a graph
representation and calculate graph metrics ( ; ), we
chose an edge density threshold of 5% for downstream analyses, ensuring that the graph is
sparse and free of negative correlations ( ). To demonstrate that our results
are not dependent on the choice of threshold, we also showed results at a range of edge
densities similar to previous research ( ): 1%-5% at 1% intervals and 10%-
90% at 10% intervals. This is achieved by finding the maximum spanning tree (MST) back-
bone first using the BCT toolbox function (backbone_wu.m) to ensure graph connectedness
at the sparsest densities and continually adding edges with the largest correlation values until
the desired edge density is reached ( ).
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Figure 1. Graph theory method and hub disruption. (A) A resting-state FC (rsFC) is obtained from the Pearson correlation of the time series in
each of the 246 cortical and subcortical predefined ROI pairs. The ROIs belong to 13 networks: SMd, somatomotor dorsal; SMI, somatomotor
lateral; CO, cingulo-opercular; AUD, auditory; DMN, default mode network; Mem, memory network; Vis, visual network; FPN, frontoparietal
network; SN, salience network; BG, basal ganglia; Thal, thalamus; VAN, ventral attention network; DAN, dorsal attention network. Following
the convention in the previous literature, a sparse graph is generated by thresholding the rsFC matrix at an edge density threshold of 5% starting
from the MST backbone to ensure the connectedness of the graph. However, to demonstrate that our results are not limited to the threshold
choice, we also applied other thresholds. The graph generated has weighted edges that preserve the strength of individual connections. (B)
Original method of hub disruption calculation. (C) A new method of hub disruption calculation. (D) Cartoon illustration of the targeted attack
at the hubs. (E) Cartoon illustrating a random attack. (F) Cartoon illustration of the targeted attack at the non-hubs.
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Figure 2. FC within the DIAN participant groups. Mean (lower triangle) and standard deviation (upper triangle) of the Fisher Z-transformed FC
matrix of 246 ROIs for MC at three CDR stages (CDR = 0, CDR = 0.5, CDR > 1) and corresponding age- and EYO-matched NC groups. The FC
is sorted by the networks in Figure 1 with corresponding colors.

Hub disruption index:

A global index that represents the
relationship between the new
centrality of nodes and the reference
centrality of nodes in a graph.

Network Neuroscience

Since the strength and Pc measures show a correlation with the scan duration of the
retained frames, this was regressed out of these graph metrics to correct for the possible
confound of individual differences in the total scan time remaining after frame censoring
(Supporting Information Figure S4).

Hub Disruption Index

To measure how the centrality of each region differs from a healthy reference, we chose NC
match 1 to be the reference group. This choice was motivated by the fact that this group is
the closest to what is usually considered as young, healthy adult controls (Dai et al., 2015;
Yu et al., 2017), which has been used as a reference for calculating hub disruption in prior
studies (Yu et al., 2017). The average nodal FC strength of the NC match 1 group was calculated,
and the percentage difference from this reference average strength was calculated for each MC
group (CDR = 0, CDR = 0.5, CDR > 1; Figure 3B) and for the remaining two NC groups (NC
match 2, NC match 3). While using a consistent reference group enables the comparison of the
metric across groups (Achard et al., 2012), we also ran a supplementary analysis using the age-
matched NC groups as a reference for each MC group and obtained qualitatively the same result.

The primary method by which selective hub disruption has been indexed in prior work was
to calculate the slope of the linear regression model between the mean local network mea-
sures of a reference group, and the difference between that reference and the participant under
study (Achard et al., 2012; Song et al., 2015; Termenon et al., 2016; Vatansever et al., 2020;
Yu et al., 2017) (Figure TA). A negative slope has previously been interpreted as the selective
disruption at hubs. In practice, this phrasing is inaccurate and misleading. This is because
even if strength (S) decreases at a uniform rate at all nodes (random attack) or at a higher rate
at non-hubs (targeted attack at non-hubs), the original hub disruption index would still be neg-
ative (Figure 1B) since the absolute difference is highly dependent on the magnitudes of the
reference. An intuitive analogy is to examine the effect of a natural disaster on the affluent
versus impoverished areas. While an affluent area may suffer greater economic losses in abso-
lute amounts, it is unclear whether that loss is attributable to incurring disproportionally more
damage, or whether the loss reflects having started from a higher baseline. We, therefore,
modified the “hub disruption index” to measure the percentage difference in connectivity
strength versus reference connectivity strength such that only targeted attacks on hubs would
result in a negative linear regression slope (Figure 1C). We calculated a normalized hub
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Hub disruption across CDR stages. (A) (Left) Distribution of average strength (S) across the NC match 1 group, (middle) nodes with S

higher than the 85th percentile, and (right) cartoon illustrating that strength is calculated by summing the weights across the connected edges.
(B) The percentage of S difference against the reference S Z-score in MC groups. (C) Individual hub disruption index (k) for MC groups. (D) The
percentage of S difference against the reference S Z-score in NC groups. (E) Individual x5 for NC groups. (F) The percentage of S difference
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0.05, **p < 0.01, ***p

< 0.001; FDR-corrected.

disruption index adapted from prior work (Achard et al., 2012) by fitting a linear regression
slope (x) and intercept (b) where the dependent variable was the difference in strength (S) for
either the group average or an individual (S from the average S of the reference group
(<S,e>), which was then normalized by dividing the average S of the reference group(<S,e>).
The independent variable was the standardized Z-score of the reference S (Z-score(<S,e£>)). In
this way, we can unambiguously test the selective reduction in S at hubs and compare the hub

disruption index quantitatively across

disease stages. A more negative hub disruption index

here indicates that the strengths in high-strength hubs are reduced by a larger proportion than

Network Neuroscience
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in other low-strength regions, whereas a zero-hub disruption index indicates that the strength
in high-strength regions and low-strength regions are changed to the same extent. The math-
ematical equation is shown below:

y = kx + b + error (1)

where y = % x 100 and x = Z-score(<S,r>).

We used global connectivity strength as the primary measure of centrality due to its simplicity
and strong correspondence to other measures in AD disease factors, for example, hubs with a
high global FC have spatial correspondence with amyloid deposition ( ;

; ), tau burdens ( ), and metabolic factors
( ; ). However, alternative definitions for hubs have been
mentioned ( ; ; ). Specifi-

cally, some researchers argued that in functional networks, the Pc, which captures the diversity
of connections to different modules, was the key metric for regional importance or centrality
( ). On the other hand, within-module strength Z-score is also an important

measure of nodal centrality ( ). Therefore, we additionally exam-
ined hub disruption as defined by the Pc and within-module Z-score using a similar asymmetric
weighting ( ) with the BCT toolbox functions (participation_coef_sign.m)

and custom MATLAB scripts, respectively.

Cognitive Composite Score

We used a cognitive composite score (CCS) ( ; ;

), developed for use as an outcome measure in DIAN clinical trials, to mea-
sure the cognitive decline of each individual. CCS is a global summary of cognitive functions.
Details of the calculation have been previously described ( ). Briefly, a CCS is
calculated by averaging each test’s normalized scores by equal weight for (a) the DIAN Word
List test delayed recall, (b) the delayed recall score from the Wechsler Memory Scale—Revised
Logical Memory IlA subtest, (c) the Mini-Mental State Exam, and (d) the Wechsler Adult
Intelligence Scale—Revised Digit-Symbol Substitution test (

). Normalization was carried out with respect to the mean and standard deviation reported
in a population sample of 58 MCs with EYO < —15 ( ). For analyses using the
CCSs, we excluded one MC with greater than 1-year gap between psychometric tests and MRI
sessions, and additionally, nine MCs who did not complete all four tests.

Positron Emission Tomography (PET) Measures of Cortical Amyloid Deposition

AB PET imaging with Pittsburgh Compound B (PiB) was performed using a bolus injection of
[11C] PiB ( ). PET data were acquired using either a 70-min scan beginning
at the start of the injection or a 30-min scan starting 40 min after the injection. Data were
converted to regional standardized uptake value ratios (SUVRs) relative to the cerebellar grey
matter using the ROI generated in FreeSurfer ( ) with partial volume correction via a
regional spread function. Amyloid positivity was defined as a PiB partial volume-corrected
SUVR across the precuneus, prefrontal, gyrus rectus, and temporal FreeSurfer ROl > 1.42 (

; ).
Statistical Models for Biomarkers

Generalized additive mixed models were fit with the gamm() function from the R package
(mgcv) to examine the relationship between different clinical markers and the EYO. A smooth
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function was applied to the EYO separated by mutation carrier status (MC or NC), with sex and
education as fixed effect covariates, and a random intercept for family. When examining the
relationship between the EYO and the hub disruption index, we additionally included the
average FD of retained frames to control for the effect of motion. The time of divergence
between the MC and the NC was determined as the EYO (to the nearest 0.1 years) where
the predicted 83.4% simultaneous confidence interval started to have no overlap. The
83.4% confidence interval was considered more appropriate to assess the difference between
two means as opposed to the difference between a mean and a point estimate; this gave a type
| error rate of around & = 0.05 when the standard errors of the samples are similar (

; ). For this analysis, our sample consisted of the subset of 91 MCs and
80 NCs with both valid PiB and valid CCS measures.

For the relationship between CCS and «s, we fit a linear mixed effects model with fixed
effect covariates sex, education, average FD of retained frames, age, and a random intercept
for the family with the Imer() function from R package Ime4. For this analysis, our sample con-
sisted of the 112 MCs with a valid CCS.

Statistical Tests and Visualization

All standard statistical tests (e.g., F tests, t tests, analysis of variance) were performed with
MATLAB R2020b or R (4.1.0). False discovery rate ( ) was used
for the correction of multiple comparisons at a significance level of 0.05.

Visualizations were generated using functions from the Network Level Analysis toolbox
(Beta version) ( ), the BrainNet Viewer
toolbox ( ), and custom MATLAB and R scripts.

RESULTS
MC and NC Groups Do Not Differ in Demographic Features and Data Quality

As designed, each of the MC-matched and NC-matched CDR groups did not differ in age or
EYO ( ). The matched groups also did not differ in average FD in retained frames or
minutes of low-motion data. Moreover, no group differences were found between the MC
groups and their NC matches except for minor differences in family mutation (p = 0.043) and
education (p = 0.023) between the MC CDR = 1 and NC match 3. Not surprisingly, the MC
CDR 0 group and NC match 1 did not differ on CCS, and CCS was significantly lower for the
MC CDR = 0.5 and MC CDR > 1 compared with NC match 2 and NC match 3, respectively.

A Selected Subset of ROIs Shows Significant Differences in Strength From the Healthy Reference

We defined the average strength of ROls in the young cognitively normal NC group (NC match

1, N = 52) as a reference of hub centrality ( ). Notably, we were able to identify the
hubs described in the literature ( ; ; ), for
example, precuneus/posterior cingulate, dorsolateral prefrontal cortex, supramarginal gyrus,
and medial prefrontal cortex ( ; ). This was robust

to the choice of edge density threshold and/or percentile cutoffs (

). Additionally, we compared the ROI strengths between all MC groups and the reference
using a two-sample t test (FDR-adjusted p < 0.05) ( ). Briefly,
no ROI had a significant difference in strength between the MC (CDR = 0) and the reference. In
the MC (CDR = 0.5), 19 ROlIs covering the superior frontal gyrus, precuneus, middle temporal
gyrus, middle occipital gyrus, middle frontal gyrus, inferior parietal lobule, inferior occipital
gyrus, fusiform gyrus, and cuneus had significantly lower strength compared with the reference.
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In the MC (CDR > 1), three ROls (in the insula, thalamus, and parahippocampal gyrus) showed
significantly higher strength compared with the reference, and 30 ROls (in the angular gyrus,
anterior cingulate, claustrum, cuneus, fusiform gyrus, inferior parietal lobule, inferior temporal
gyrus, insula, medial frontal gyrus, middle occipital gyrus, middle temporal gyrus, parahippo-
campal gyrus, postcentral gyrus, posterior cingulate, precuneus, superior frontal gyrus, superior
temporal gyrus, and thalamus) showed significantly lower strength compared with the refer-
ence. On the other hand, none of the ROIs in NC match 2 or NC match 3 groups showed
significant differences in strength from NC match 1 ( ).

Hub Disruption Increases With the CDR Stage, Not Age

We measured the group-level hub disruption index by calculating the percentage difference
from the reference for the mean strength in each of the MC groups (CDR = 0, CDR = 0.5,
and CDR > 1) ( ; ). The group-level hub disruption
index for all three MC CDR groups was significantly different from 0 ( ). In addition, x5
became increasingly more negative across CDR stages. The hub disruption index (a.k.a.

Table 2.  Group-level hub disruption (using the metrics in NC match 1 as a baseline) across CDR
stages in the MC and across age in the NC (FDR-adjusted)

Strength (S)

Group Ks F(1, 244) p R?
MC CDR =0 -5.6 59.1 <0.001 0.20
CDR =0.5 -9.6 118.1 <0.001 0.33
CDR > 1 -16.7 192.2 <0.001 0.44
NC Match 2 -0.8 0.78 0.38 0.003
Match 3 -1.3 1.46 0.28 0.006

Participation coefficient (Pc)

Group Ks F(1, 244) p R?

MC CDR =0 3.3 17.8 <0.001 0.07

CDR = 0.5 1.7 2.5 0.19 0.01

CDR > 1 -1.6 1.0 0.34 0.44

NC Match 2 2.1 4.7 0.08 0.02
Match 3 -1.0 0.9 0.34 0.003

Within-module strength Z-score (2Z)

Group Ks A1, 244) p R?
MC CDR =0 -5.0 12.6 <0.001 0.05
CDR = 0.5 -7.2 15.5 <0.001 0.06
CDR > 1 -12.7 22.1 <0.001 0.08
NC Match 2 -2.1 1.6 0.21 0.01
Match 3 -3.3 2.9 0.11 0.01
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regression slope in ) was significantly different between MC (CDR = 0.5) and MC (CDR =
0) (A1, 488) = 12.0, p < 0.001, partial 772 = 0.024), between MC (CDR = 0.5) and MC (CDR > 1)
(F(1, 488) = 22.6, p < 0.001, partial n* = 0.044), and between MC (CDR = 0) and MC (CDR >
1) (F(1, 488) = 61.6, p < 0.001, partial 7” = 0.112). Our results were qualitatively replicated at
a wide range of threshold choices ( ). On average, nodes in
the cingulo-opercular network showed the highest reference strength and largest percentage of
strength difference from reference across multiple thresholds (

). In addition to the group-level hub disruption index, we calculated the hub disruption index
for each participant in the MC and NC groups. All MC groups had a hub disruption index that
differed from 0 (FDR-adjusted p < 0.001), while no NC group had a hub disruption index that
differed from 0 (FDR-adjusted p > 0.05) ( ,

). Specifically, for the MC, a one-way ANOVA demonstrated that the hub dis-
ruption index differed across the CDR groups (F(2, 118) = 8.8, p < 0.001, n° = 0.130). Post hoc
two-sample ttests with FDR correction revealed significant group differences ((87) = 4.03, p <
0.001, Cohen’s d = 1.02) between CDR =0 (M= —5.6, SD = 11.1) and CDR > 1 participants
(M =-16.7, SD = 10.3) and between CDR = 0.5 (M = —9.6, SD = 9.6) and CDR > 1 partic-
ipants (t(50) = 2.52, p = 0.03, Cohen’s d = 0.72) ( ).

Next, we investigated whether this observation can be explained by increasing age. We cal-
culated the hub disruption index for the age-matched NC groups 2 and 3 with the same pro-

cedure ( ). The group-level hub disruption index for NC groups did not significantly
differ from 0 ( ). At the individual level, there were no differences among NC groups
(one-way ANOVA, F(2, 81) = 0.07, p = 0.930) ( ) nor was a significant relationship

between ks and age in NC (linear regression, 8 = 0.01, R? < 0.001, A2, 82) = 0.0072, p=0.933).

Changes in AB accumulation in PET imaging often precede dementia symptoms in AD

( ; ; ). A subset of the MC (CDR =
0) group can be classified as AS positive (AB+) (N = 29) according to their amyloid PET results
(see the section). With one-sample t tests with FDR correction, we

found that both groups have a hub disruption index significantly lower than 0 (AB+: M =
—-5.7, SD = 11.5, Cohen’s d = —0.50, t28) = —2.6, p = 0.012; AB—: M = -5.4, SD = 11.2,
Cohen’s d = —0.48, #(30) = —2.7, p = 0.012). However, there was no significant difference
in the hub disruption index between the A+ and AB— groups (two-sample t test, {(58) =
—-0.11, p = 0.920, Cohen’s d = —0.03) ( ).

Given that some of the regions with the biggest difference in cortical atrophy between
symptomatic MC and NC participants ( ) also have high centrality, the
hub disruption in FC that we observed might be partially explained by cortical atrophy. We
have also repeated our analysis after regressing out the gray matter volume for each ROl in
each participant and have obtained the same results ( ).

Hub Disruption Is Best Explained by Differences in Global Connectivity

To understand the key drivers of hub vulnerability in ADAD, we calculated the hub disruption
index using two alternative measures based on their network membership instead of global
connectivity strength: (a) the within-module connectivity rank (within-module strength
Z-score, Z) and (b) the connectivity diversity (participation coefficient, Pc) ( ).
Overall, both Pc and within module Z-score effects were less sensitive to ADAD progres-
sion than using the global connectivity strength as the reference. Thus, we focused our
subsequent analyses on the hub disruption index in relation to the global connectivity
strength. Detailed statistics can be found in , ,
and
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Figure 4. Hub disruption across CDR stages at module centers versus connectors. (A) (Left) Distribution of the average participation coeffi-
cient (Pc) across the NC match 1 group, (middle) distribution of within-strength Z-score (Z) across the NC match 1 group, and (right) cartoon
illustrating the representation of module centers and connectors on a graph. Module centers are nodes with a high Z-score, and connectors are
nodes with a high Pc. (B) The percentage of S difference against the reference Pc Z-score for hub disruption calculation. (C) Individual hub
disruption index (xs) for the MC with respect to the group average Pc Z-score at NC match 1. (D) Individual hub disruption index (k) for the
NC with respect to the group average Pc Z-score at NC match 1. (E) The percentage of S difference against the reference Z for hub disruption
calculation. (F) Individual hub disruption index (xs) for the MC with respect to the group average Z at NC match 1. (G) Individual hub dis-
ruption index (ks) for the NC with respect to the group average Z at NC match 1. Lines show the linear fit and shaded areas indicate the 95%
confidence interval. *p < 0.05, **p < 0.01, ***p < 0.001; FDR-corrected.
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Figure 5. Change in biomarkers across the estimated EYO for the MC and the NC. (A) The partial
effect of EYO on the hub disruption index in strength (ks). (B) The partial effect of EYO on total
cortical amyloid deposition measured with PiB. (C) The partial effect of EYO on CCS. The line
and shaded areas show the predicted response values and the confidence intervals for the fitted
responses from a generalized additive model at a 95% Bayesian credible interval. For privacy rea-
sons, individual data points including EYO were not displayed but were used in model fitting. (D)
The CCS against ks after regressing out potential confounding variables from both.

Hub Disruption Predates Cognitive Changes But Follows Amyloid PET Changes

Generalized additive mixed models were fit to examine the relationship between hub disruption
or other biomarkers and the EYO, as well as to obtain the point of divergence between MC and

NC. For the hub disruption index (ks), this was calculated to be EYO = —11.7 years ( ). In
comparison, the total cortical amyloid deposition measured as PiB SUVR diverged at EYO =
-16.9 ( ), and the CCS measure diverged at EYO = —7.3 years ( ). Thus, we

found that the divergence of the hub disruption index preceded the divergence of cognitive
performance measures and followed the earlier stage of amyloid deposition. However, the
differences in the divergence points between ks and PiB (p = 0.218) or between ks and CCS
(p = 0.154) were not significant based on 1,000 bootstrap samples with a valid divergent
point. As expected, given their correspondence with disease progression, there was a neg-
ative correlation (r = —0.36, p < 0.001) between PiB and xs, but this relationship was not
significant within the CDR = 0 participants ( ).

In addition, to examine the performance of ks in distinguishing MC individuals from
mutation NC individuals at different ranges of EYO ( ) and
age ( ), we calculated the area under the curve in 5-year bins
and observed that AUC ranges from 0.53 to 0.83 across EYO and 0.60 to 0.87 across age bins.

Greater Hub Disruption Is Correlated With Worse General Cognition

Lastly, we found that there existed a positive correlation between x5 and CCS (r= 0.3, {110) =
3.27, p = 0.001). We further examined whether an individual’s hub disruption could explain the
unique variance in the CCS of individual MCs after controlling for potentially confounding covar-
iates (age, sex, years of education, motion in scan measured by the average FD of the retained
frames as fixed effect, and a random intercept for family). The hub disruption index was positively
associated with CCSs at the edge threshold of 5% (8_xs = 0.02 + 0.01, #105) = 2.52, p=0.013)
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Table 3. Regression of the hub disruption index on CCS

Edge threshold B_xs B_Education B_Age B_Sex (Male) B_FD
1% 0.02 0.17%** —0.06%** -0.16 -2.72
2% 0.01* 0.17%** —0.06*** -0.15 —2.48
3% 0.01* 0.17%** —0.06*** -0.16 -2.36
4% 0.02* 0.17%** —0.06*** -0.16 -2.38
5% 0.02* 0.17%** —0.06*** -0.16 -2.32
10% 0.03** 0.17%** —0.06%** -0.16 -2.37
20% 0.05** 0.17%** —0.06%** -0.16 -2.57
30% 0.07** 0.717%** —0.06*** -0.17 -2.68
40% 0.09** 0.10%** —0.05*** -0.18 -2.77

Response: CSS, cognitive composite scores; B, coefficient of regression. *p < 0.05, **p < 0.01, ***p < 0.001.
Random effect: Family.

and across different edge thresholds ( , ), suggesting that greater hub disruption
(a.k.a. more negative hub disruption index) correlated with worse general cognition.

DISCUSSION

We investigated the relationship between FC differences across ROls and reference centrality mea-
sures. Consistent with a targeted attack on hubs model, the proportion of reduction in FC at indi-
vidual regions in ADAD was positively related to the global connectivity strength of that region in
the unaffected family members of ADAD participants. This preferential disruption of hub connec-
tivity increased with CDR stage but not age was best explained by global connectivity, less so by
the within-module connectivity rank, and not by the diversity of connectivity across resting-state
networks. This preferential disruption of hub connectivity was seen at all stages of disease progres-
sion in the ADAD MC and started to significantly differentiate MC and NC at about 12 years before
the expected clinical symptoms, predating cognitive changes but following amyloid PET
changes, indicating the early and progressive nature of hub vulnerability in AD. Additionally,
greater (more negative) hub disruption was associated with worse general cognition after
controlling for relevant covariates. These findings provided insights into the complex dynam-
ics of brain network dysfunction in AD and the critical role of hubs in this process.

Progressive Hub Disruption Is Consistent With Popular Network Failure Models of AD

Prior studies endorsed a cascading network failure starting from the posterior DMN and pro-
gressing to the anterior and ventral DMN ( ). Our results complemented this
observation by providing a possible underlying factor driving this cascading process: The vul-
nerability of regions to the reduction in FC is dependent on their centrality in the whole brain
network. Nodes that have the highest strength in the FC network (e.g., posterior DMN) are
among the first to show decreased FC, consistent with existing literature ( ).
Over time, changes in processing burden shift from one hub to other hubs, further enhancing
the aberrant A precursor protein processing and amyloidosis in the other hubs (

), consistent with our progressive increase in hub disruption with disease. Prior work
simulating activity-dependent degeneration observed decreased structural connectivity
throughout disease progression while FC first increased and then decreased (
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Connector:

Nodes with a high Pc with even
connectivity spanning a diverse
profile of modules in a network.

Module center:

Nodes with a high degree/strength
compared with other nodes in the
same module.
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). Similarly, the cascading network failure model of AD also characterized an initial
increase in FC ( ). We did not observe significantly higher S in MCI compared
with healthy controls, and three non-hub ROIs have significantly higher S in AD compared
with healthy NC, which might be due to the lack of power of the current study or limitation
of the theory. Future research could investigate hub vulnerability in structural networks using
diffusion MRI for proper interpretation of activity-dependent degeneration.

Lower FC in ADAD Carriers Are Especially Dominant at Hubs With High Global Connectivity

Despite the wide use of “functional hubs” in the literature, what defines a functional hub has not
reached a consensus ( ; ; ).
Hubs can be described in terms of their network membership (e.g., DMN), where connectors are
important for communication between networks and module centers are important for commu-
nication within networks. The nodes with a high abundance of intermodule connections (con-

nectors) form a structural rich club ( ), which are also known to
be affected in AD ( ), although other studies suggested that the highly rich club
core was preserved and the disruptions started in the periphery ( ). Previous

literature on brain lesion patients suggested that the integrity of brain network organization was
severely compromised when damage was in connectors but not in module centers (

). Other studies also reported differential outcomes in network structure when damage was
localized to module centers or connectors ( ). One recent study has also
suggested that the AB accumulation rate was faster at connectors ( ) Therefore, we
examined whether the spatial pattern of FC difference from the reference group was explained by
global connectivity, connectivity diversity across networks, or local connectivity within net-
works. Our results here suggested that the spatial distribution of FC difference across clinical
stages was best explained by differences in global connectivity across regions, rather than by
their roles to communicate between or within networks, consistent with the hypothesis of pro-

cessing load shift to high connectivity hubs ( ). This is in line with the hypothesis
that high metabolic demands, associated with high global connectivity, may trigger downstream
cellular and molecular events that result in neurodegeneration ( ), conveying
preferential/selective vulnerability. For example, calcium instability caused by Ag peptides might
render human cortical neurons vulnerable to excitotoxicity ( ), and this could
result in further neurodegeneration in AD ( ).

Hub Disruption Predates Cognitive Changes But Follows Amyloid PET Changes

The effectiveness of a biomarker can be evaluated based on its ability to detect early indica-
tions of pathology before disease onset. Investigating the initial stages of decline in healthy
brains compared with those with AD offers substantial potential for early identification before
AD symptoms manifest. Because of the highly consistent familial disease onset for ADAD, we
were able to compare this biomarker across EYO and other disease-related changes including
CCSs and cortical amyloid deposition. We found that the hub disruption index first demon-
strated a divergence between groups ~12 years before EYO—earlier than the divergence in
the global FC signature (~4 years)}—between converters and non-converters in sporadic AD
( ). The hub disruption index also diverges between MCs and NCs after
the general cognitive score (~7 years), but after hypometabolism (~10 years), and increased
concentrations of cerebral spinal fluid tau protein (~15 years) ( ), and the
amyloid PET changes (~15 years). The divergence point calculated by bootstrap samples
between the hub disruption index and other clinical markers were not significantly different,
which might be due to the small sample size used in the analysis or the high noise/low

1282

d-ajo1uB/UjeU/NPa W 108.IP//:dNY WOl papeojumoq

0 & UBU/98Y08YC/SIT |/¥/8/P

620z Asenuer gg uo 3senb Aq jpd 56£0



Increasing hub disruption in autosomal dominant Alzheimer’s disease

Network Neuroscience

reliability of the FC-based hub disruption index metric. This is consistent with the previously
hypothesized disease progression where the FC disruption follows from AS deposition and
potentially excessive chronic activity ( ; ) and eventually
contributes to cognitive impairment ( ). However, we did not
find significant differences between the hub disruption index in A+ and AS— participants in the
MC (CDR = 0) group, despite AB+ participants having a slightly more negative hub disruption
index. However, this lack of a difference between AB— and AB+ individuals should be viewed
cautiously given the modest sample sizes. We do note the limitation that our EYO calculation is
based on mutation and parental symptom onset and may not precisely reflect the true EYO, but
this would have an equal effect on all biomarkers. Therefore, the best practice is to interpret the
EYO in relative terms for different biomarkers instead of taking it at purely its face value.

Comparison With Other Network Topology Studies in AD

Other studies of network topology in AD have examined global graph theory measures such as
small-worldness, global clustering coefficient, and characteristic path length ( ;
). However, those measures are generally sensitive to network sparsity
( ) and require a careful choice of null models ( ),
although recent studies have attempted to mitigate the problems using the minimum spanning
tree measurements of graphs ( ). Further, it is hard to interpret the biolog-
ical relevance of those global measures. In contrast, hubs with a high global FC have been
linked to amyloid deposition ( ; ;
), tau burden ( ), and metabolic factors ( ;

). They also overlap with the regions that demonstrated high heritability (

). Therefore, our research on hub vulnerability is driven by the literature with an
attempt to link abstract network topology measures to molecular and cellular pathologies.

Implications for AD Research, Prevention, and Treatment

We found that hub disruption, or increased vulnerability to reduced FC at highly central hub
regions, was prevalent across the course of ADAD, with increasing severity as the disease pro-
gresses. Our results here have important implications for future AD research and therapeutics
development: We provided a testable hypothesis where targeted pharmacological manipula-
tion, noninvasive stimulation ( ), or behavioral training to alter neuronal excit-
ability ( ) especially at hub regions could potentially alter the progression
of AD. Existing research has demonstrated in an awake rodent model that acute inactivation of
a hub region (dorsal anterior cingulate cortex) has profound effects on the whole network (

). Future studies in animal models of AD could further validate this with optoge-
netic and chemogenetic manipulations. Furthermore, previous literature has suggested that
“restoration of the topology of resting-state FC may aid in cognitive repair and recovery”
( ; ), and those can be further tested in future studies.

On the other hand, we found that hub disruption was positively related to the CCSs after
considering the effect of age, sex, years of education, and average motion of the retained
frame. The separation of hub disruption between the MC and NC starts shortly after the
increased levels of cortical amyloid deposition and at around the same time as preclinical
measures of cognitive decline. This indicates that our new measure of resting-state FC change
has the potential to act as a noninvasive, low-cost, and accessible biomarker especially given
compared with cerebrospinal fluid and PET for prevention studies and clinical trials to aid in
the development of new treatments and monitor their effectiveness. Other biomarkers focusing
on DMN failure have been proposed ( ), but our measure is conceptually
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straightforward, easy to calculate, and biologically intuitive. In addition, previous measures
have focused on distinguishing AD patients from controls, whereas the current study mapped
a progressive relationship between FC and centrality across the clinical dementia stages.

Limitations and Future Directions

One limitation of our study is that the in-scanner head motion tends to increase with the sever-
ity of dementia, and hence, the samples included in our analysis are biased toward partici-
pants with less severe symptoms. However, since we are most interested in the early changes
in AD disease, this limitation has little impact on our conclusions.

In addition, while we concluded that increasing hub disruption is related to disease pro-
gression and not aging, participants involved in this study were relatively young (18-69
years old). It is still possible that a similar increase in hub vulnerability might be observed
at a much older age, as seen in other age-related changes in FC ( ;

). Notably, another study using cognitively normal adults from the OASIS-3 (Open
Access Series of Imaging Studies; 42-95 years old) appeared to show results opposite to
the current study ( ), whereby functional hubs were particularly vulnerable
to the higher annual accumulation of AB but have a slower FC decrease than non-hub
regions. However, there are also several important methodological differences between that
study and ours: (a) They employed the GLASSO Graphical LASSO (

); algorithm to estimate the FC with only direct connections, whereas we used the
simple Pearson’s correlation, and (b) they define hubs as regions with high Pc and we found
that at a certain edge density threshold, the strength and the Pc of a node could be negatively
correlated.

Additionally, even though previous work has found comparable FC changes in ADAD to
sporadic AD ( ; ; ), our findings have
yet to be confirmed in sporadic AD. Further validations on longitudinal changes and subjects
with more imaging data are needed to assess whether hub disruption could be a reliable
biomarker of individual disease progression in AD. For example, one could examine whether
the hub disruption index predicts the conversion of MCl to AD using measures such as accuracy
or area under the curve of a ROC. In addition, while amyloid deposition is localized to high
connectivity hubs, an elevated tau-PET signal appear simultaneously across resting-state net-
works ( ). Previous modeling evidence suggested that tau might spread from
focal epicenters across functional connections ( ) and that stronger tau
deposition in globally connected hubs was associated with earlier AD symptom manifestation
( ). Future studies could examine the interplay between amyloid, tau,
and hub vulnerability in more detail. Furthermore, future investigations in large brain-wide single-
cell transcriptome data (e.g., Allen Human Brain Atlas) may be useful in linking hub vulner-
ability to the underlying biological mechanisms ( ; ).

While the entorhinal cortex and hippocampus are key areas that are implicated in AD,
especially in the context of tau spreading ( ), they appear to be less critical
for tau spreading in ADAD ( ). We recognize the failure to capture those
regions as a limitation of our study.
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